ABSTRACT Students' commute mode choices have been recognized as an important factor affecting the physical and psychological health levels of children and urban traffic performance in peak hours. The influential patterns between most of the factors and students' commute mode vary depending on the characteristics of the city. This paper seeks to reveal such patterns specifically for elementary schools students in Beijing, China, as those students' commute behaviors have attracted considerable attention from society. The data from the Beijing School Commute Survey conducted in December 2014 and January 2015 were adopted. To account for the unobserved heterogeneity, a finite mixture multinomial logit (FMMNL) model was developed. Compared with the conventional MNL model, the FMMNL is superior due to the smaller AIC and BIC values. More importantly, the FMMNL model is flexible and able to detect some complicated mode choice behaviors. For example, the results of the FMMNL model indicate that there are two types of students, those who tend to use a car and those who tend to use a bicycle, as their grade increases. Such a heterogeneous pattern is difficult to be detected by conventional models. The finer results produced by the FMMNL model would be the references for policymakers to design more targeted policies. Findings in this paper could be the references to other cities in China and the world.
I. INTRODUCTION
Students' commute trips take an important part in the peakhour traffic exerting a substantial impact on the operation of urban traffics, especially in big cities. On the other hand, active transportation modes have been considered as important opportunities for students to take physical exercises. Walking or bicycling to go to school essentially routine exercises for students. Such a manner is also merit, as it does not occupy the extra extracurricular time of students. Previous students [1] - [4] have confirmed that students who walk
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or bike to/from school would have higher levels of overall physical activity. Humphreys et al. (2013) [5] reported that greater time spent in active commuting is associated with higher levels of physical wellbeing, possibly leading to lower chances of having chronic diseases and better physical or psychological wellbeing for students [6] - [8] . Mode shifting from car to active transportation has become a prospect for the society to mitigate congestion and improve students' health levels. Toward this end, this study seeks to understand the decision-making behaviors of school commute modes specifically for elementary school students in Beijing.
Factors from many aspects were found to have impacts on students' commute mode choices. Some well-acknowledged ones include student-level and household level demographic and socioeconomic characteristics, built-environment variables, residential neighborhood characteristics [9] , travel time and distance [10] . There are extensive studies that have investigated the relationships between those factors and students' commute mode decisions. In fact, the factors deciding the school trip mode are manifold and a variety of interventions should be employed to promote a walking trip [11] , [12] . Safety concerns and parents' active mode choices were recognized as having an important influence on students' active mode choice decisions [13] , [14] . For example, Rothman et al. (2015) [15] claimed that the safety design of roads along commute routes is the key to promoting the walk mode for students' school trips. Yeung et al. (2008) [16] found that the provision of safe walking paths is one of the most frequently reported factors influencing parental decisions on their children's active transportation modes. Interestingly, boys were more likely to walk to school than girls were and parental perceptions of automobile safety and walking infrastructure were only associated with boys' school mode choices [17] . Park et al. (2013) [18] examined the relationship between walking or bicycling to school and the walking habits of caregivers or parents. Results stated that when parents are active transport users, the children are most likely to walk or bike to school.
Many studies contributed by proposing advanced econometrical models for capturing deeper and complicated relationships between variables and the students' commute mode choices, as well as enhancing the modeling performance. For example, Fitch et al. (2016) [19] applied Bayesian binomial multi-level regression models and concluded that the number of students bicycling could be increased by changing the street environment. Results in a three-level nested logit model show that the probability of walking to school is expected to rise with the increase of auto travel time, cost of driving or distance to public transit, or with the decrease of vehicle ownership [9] . With the aid of probit-kernel based integrated choice and latent variable models, previous studies [20] , [21] also indicated that the availability of a separate bicycle path, bicycle parking spaces, and the width of sidewalks significantly affect the choice of active transportation mode.
Among the aforementioned factors, travel distance/time has an influential pattern on students' mode choices consistently in almost all studies [9] , [10] , [22] - [27] . Broadly, a longer travel distance/time would promote the likelihood of using public transportation or car, and for active transportation modes especially the walk mode, the travel distance/time is required to be within a certain range. Nevertheless, the influential patterns of most factors on students' commute modes are not fixed, which highly depend on the aspects of the data source including the cohort of students, regions, cities, and countries in which the survey conducted, and explanatory variables involved in the regression models [28] , [29] . One possible explanation is that there are some unobserved/latent variables controlling the influential patterns of other factors.
In turn, one of the objectives of this study is to model students' commute mode choices by approaches that can consider the influence of unobserved/latent variables. Finitemixture/latent-class and Markov switching models attracted more attention in recent years [30] - [38] , as this type of models is able to capture the heterogeneous decision-making behaviors originated from unobserved/latent variables. The model has been applied in many situations. However, it has not been applied to model students' commute mode choices. Thus, this study adopted a finite mixture multinomial logit model (FMMNL) to fill the gap and tried to enhance the statistical performance of models. This study also paid special attention to special features of Beijing, as the results could be extended to other cities in China and similar cities worldwide. The data adopted in this study are from the Beijing School Commute Survey conducted in December 2014 and January 2015. The spatial coverage of this survey is the central area of this city comprising six key sub-districts. The study area covers most of the developed areas of Beijing with a variety of intensities of the population. After removing some samples with missing variables, the final dataset involving in the developed models consists of 29362 sample trips of elementary school students.
Beijing is implementing two strict regulations to control the overall car-travel demand. First, about 80% of the private cars are allowed to travel controlled by the last digit of the vehicle's plate number, on weekdays. Secondly, a person willing to buy a car needs to participate in the drawing of lots and a very small proportion of person could be chosen by the lots. These two policies suppressed certain car-travel demand for school commute trips, in turn raising the likelihood to use alternative modes for students. There are also some common features of China's cities. For example, electric bicycles have become one important mode for parents escorting children to go to school. In China, a great proportion of families live with relatives especially the grandparents of the children. Thus, relatives take the responsibilities of escorting the children for school commuting. Those features were not common in many countries and rarely discussed in previous studies.
B. DESCRIPTION OF MODE CHOICES AND EXPLANATORY VARIABLES
In this study, students' travel mode is classified into five categories, i.e., walk, bicycle, E-bicycle, public transportation, and car. The market shares of the mode choice are 39.20%, 9.63%, 14.80%, 10.45%, and 25.92% for those modes respectively. The share of walk mode is slightly lower than the findings of Leslie et al. (2010) [39] in Australia, where 44.3% of female students and 37.4% of male students walk to school. It is higher than that in Auckland, New Zealand, where 28% of students walk to school [11] . Bicycle mode accounts for 9.63% among all alternatives, which is the least preferable mode for students and lower than the share rate 13.4% for all trips. In contrast, e-bicycle is more attractive in school commuting. Public transportation is also less preferred in Beijing. Time-consuming, unreliability, and inconvenience are the main reasons that making many students and parents avoid using it.
Private car accounts for about one-quarter of all modes, which in fact imposed a considerable burden on the urban traffic in the morning peak. Explanatory variables include trip distance, grade, escort type, place of having lunch and tenure of the apartment. The trip distance is a continuous variable and its overall and bymode distributions are illustrated in Figure 1 . The distribution of trip distance is right-skewed and a great proportion of trips were between 0 and 5 km. Among those modes, on average, the walk has the smallest trip distance, which is slightly smaller than the one of the bicycle. E-bicycle took many trips with mid-range distances between the active modes and motorized modes. For public transportation and car, they have the longest distance than the other modes and almost identical distributions of the trip distance.
The other explanatory variables are categorical and their distributions are reported in Table 1 . There are six grade levels in China's elementary school and it corresponds to students' age. The first grade in elementary schools has students at age six, and so on. Yeung et al. (2008) [16] found that age is a frequently reported factor affecting students' mode choice behaviors. In this respect, the grade level is expected to influence school commute choices. Regarding the escort type, there are four ways commonly used in China families, i.e., alone, parents, relatives and shared trip. Escorting the students by their relatives, mostly the grandparents, is popular when the parents have to leave home early.
It is expected to observe a different escorting mode choice behavior for relatives than parents, at least because many grandparents are not able to drive. Living in a rented apartment closed to the school is quite common in Beijing, especially for the elementary school students. It is worth examining whether or to what extent that rent-a-house could affect the mode choice behaviors of school trips.
III. ECONOMETRICAL MODELS A. MULTINOMIAL LOGIT (MNL) MODEL
The MNL model is a traditional approach to modeling travel mode choices. Based on the theory of random utility maximization, a traveler chooses the mode with the highest preference or utility [40] , [41] . Suppose that the choice set includes j mode (j = 1, 2, . . . , J ) and the probability that student i (i = 1, 2, . . . , N ) chooses the mode j is denoted as P ij . Assuming that the random parts of the utilities are independently distributed and all follow the standard Gumbel distribution, it will result in the MNL model with P ij given in Equation 1 .
The MNL model is straightforward and convenient and served as the baseline model for many advanced models. However, it is less flexible and suffers from the independence of irrelevant alternatives (IIA) property.
B. FINITE MIXTURE MULTINOMIAL LOGIT (FMMNL) MODEL
The FMMNL model is an extension of the MNL model by allowing the observations to be probabilistically from multiple data-generation processes [42] . Suppose that there are K potential data-generation processes and each of them is based on an MNL framework with a certain amount of probability. Each of the MNL frameworks is called a component model of the FMMNL model.
Equation 2 provides the probability of the individual i choosing the alternative j according to the general setting of VOLUME 7, 2019 the k-component FMMNL model. Here, π k is the probability associated with the component model k, x i is the vector of the explanatory variables for the individual i, and β jk is the coefficient vector of the utility function of the alternative j in the kth component model. For simplifying the notation, P (i, j, k) was defined as the probability of the individual i choosing the alternative j conditional on the kth component model. The corresponding log-likelihood function of the FMMNL model is presented in Equation 3. Here, θ was defined as the vector of all parameters including the regression coefficients and the component weighting parameter π .
To find the optimum solution of those parameters, this study adopted the E-M algorithm [43] - [45] . It was specifically designed for finding the maximum-likelihood estimators when dealing with latent variables. We denoted Z as the unobservable latent variable controlling the component variables. The E-M algorithm proceeds by rotational performing the E-and M-steps. In the E-step, the expectation of the complete log-likelihood function that contains both the travel mode variable Y and the latent variable Z needs to be evaluated. The complete log-likelihood function is based on the joint probability between Y and Z and is provided in Equation 4 .
In fact, the complete log-likelihood function does not have a specific value, as the latent variable cannot be observed.
Instead, we could evaluate the expected value of this function with respect to the distribution of the latent variable Z conditional on Y and the intermediate solution of the parameters at the current iteration.
Equation 5 provides the expected value of the complete log-likelihood function. Here P Z i = k|Y i , θ (t) is the posterior probability of the latent variable and can be evaluated using the Bayes' theory in Equation 6 .
Then the M-step is to find the parameters that can maximize the expectation. Note that the function in Equation 6 comprises two additive parts with disjoint parameters. The two parts can be maximized individually. The parameter β (t+1) mk is just the solution of the coefficients of the MNL model but with uneven sample weights, i.e., the posterior probability of the latent variable for the kth component. The parameter π (t+1) can be found according to Equation 7 .
The E-M algorithm would returns results successively closing to a local optimum.
IV. RESULTS AND ANALYSES A. DECIDING THE NUMBER OF COMPONENTS OF THE FMMNL MODEL
Other than those parameters, another important aspect defining the FMMNL model is the selection of the number of components. It is not feasible to consider the number of components as one of the parameters, and involving it when optimizing the likelihood function. For different numbers of components, the parameter sets are different and the number of total parameters would increase as the increase in the number of components. It is also sure that the likelihood values strictly increase as the increase in the number of components because the model with fewer components can be considered as a degenerated version of models with more components. However, the model could be over-fitted with more components. The Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) are measures penalized by the degree of freedom of the model and were used to comprehensively evaluate the qualities of the FMMNL models with a different number of components. Models are preferable if they have small values of AIC and BIC. Figure 2 illustrates the Log-likelihood, AIC and BIC values of the FMMNL model with a different number of components. Note that the FMMNL model with one component model degenerates to the MNL model. Regarding AIC, the model is substantially improved from the one-component model to the two-component model and this trend weakly continues until the model with four components. Since then, the AIC keeps increasing because the benefit from the increment of the likelihood value is limited and not enough to compensate for the loss from the level of over-fitting. A similar pattern was also found for the BIC, but the improvement of the model stops at the two-component model. Therefore, this study chose the two-component FMMNL model for the following analyses.
B. ESTIMATION RESULTS OF THE MNL AND FMMNL MODELS
The estimation results of the MNL and two-component FMMNL models are reported in Table 2 and Table 3 respectively. The MNL model provides a set of coefficients for each explanatory variable contributing to the utility functions of The results are in favor of the FMMNL model as it has smaller AIC and BIC values, and larger McFadden R-squared values. Thus, the FMMNL model is able to mine more information from the data.
Note that for both the MNL and FMMNL models, the mode probability is nonlinear and non-monotonic to the explanatory variables and the probability associated with a particular mode depends on the coefficients on other modes as well as other the magnitude of other variables leading to difficulties and indecisiveness when interpreting. For the MNL model, it is assured that, for a particular variable, the probability of the mode having the largest coefficient would be promoted as the variable increases whereas the probability of the mode having the smallest coefficient would be declined as the variable increase. However, for other modes, their probability also depends on the magnitudes of other variables. For example, as the increase of the trip distance, students were VOLUME 7, 2019 more likely to use a car (as the coefficient 0.136 is the largest among the five modes) but less likely to use a bicycle (as the coefficient −0.018 is the smallest among the five modes). However, for the other three modes, i.e., walk, e-bicycle and public transportation, it is unclear whether their probability increases or decreases. It is plausible that the use of walk mode is going to drop and the use of public transportation is going to increase as the former has a small coefficient (zero) and the latter has a large coefficient (0.133).
Regarding the grade of students, in contrast to the firstgrade students, students at higher grades are more likely to use public transportation and less likely to use walk on their school trips. As the students grow up, they become more independent and involve more when making the decision of the modes of their commute trips. For the low-grade students, parents usually play a critical role in deciding the school trip modes for their children. Some parents inclined to avoid using public transportation, because it is crowded during commuting hours. For the high-grade students, they are less vulnerable and the public transportation mode gains more popularity among them.
Regarding the escort type, the students escorted by their parents or relatives were more likely to use E-bicycle in contrast to the students travel alone. In fact, E-bicycle is becoming a convenient mode for mid-distance trips in Beijing and a popular mode for escort students for the school trips. For the student travel together with other students, they are more likely to use a car. Such a circumstance is usually referring to students having a closed home and school locations and they can easily carpool for the school trips. For the students travel alone, they are more likely to walk to school in contrast to other escort types.
For the students having lunch at schools, they are more likely to use public transportation and less likely to walk than the students not having lunch at schools. For the students whose family owns the apartment, they are more likely to use a car and less likely to use E-bicycle than the other students.
The above inferential analyses are based on the results of the MNL model. When it comes to the FMMNL model, the behavioral interpretation of explanatory variables is more difficult to be revealed because there is more than one component model controlling the impact of variables on the mode choice decisions. The overall impact of a particular variable is the confluence corresponding to the multiple data-generating processes.
Values in parentheses are t-statistics associated with estimated coefficients.
Conceptually, the estimated coefficients of each component model are meaningful and the influential mechanism of a particular explanatory variable would have similar rules of interpretation as the one of the MNL model. However, the coefficients of some variables could be the numerical results that happen to optimize the likelihood function. The interpretation of those variables is, to some extent, difficult and even contrary to common sense. For example, the results of component 2 of the FMMNL model is in line with the MNL model such that students are more likely to go to school by E-bicycle, public transportation or car than by walk, for a larger trip distance. However, the component 1 of the FMMNL model indicates that students are more likely to go to school by walk for a larger trip distance.
The results of the FMMNL model regarding the students' grade provide insightful interpretations. The component model 1 indicates that for higher-grade students, they are more likely to use a car than other modes whereas those students would be more inclined to use a bicycle than other modes according to the component model 2. It is possible that a latent classification of students exists resulting in the two different behaviors. In reality, elementary schools' students have a higher school burden as the grade increases due to both the on-and off-campus curriculums. It makes that higher-grade students have less time to sleep. Those students are likely to use the time of school trips for taking breakfast or even a nap, and car undoubtedly is the best mode for them. On the other hand, students grow more independence as the grade grows. Riding bicycle for school trips would gain more propriety for higher-grade students. The two potential behaviors could coexist exhibiting the heterogeneous influential mechanism of grades on mode-choice decisions.
The influential mechanism of the escort type on mode-choice decisions is similar between the two component models, and as the one in the MNL model. Specifically, the students escorted by their parents or relatives are more likely to use e-bicycle and the students share the trip with others are more likely to use a car for their school trips. The result for the tenure of the students' apartments in the FMMNL model is also partly in line with the one in the MNL model. The students whose family owns the apartment are less likely to use E-bicycle based on both the two component models. The major difference between the two models is that the component model 1 indicates a higher usage of a car for the own-apartment students, which is in line with the VOLUME 7, 2019 MNL model, but the component model 2 indicates a higher attraction of using a bicycle for own-apartment students.
C. SENSITIVITY ANALYSES
As mentioned, the estimated coefficients of those models are insufficient for fully understanding the relationship between the increase of a particular variable and the probability of each travel mode. The FMMNL model has multiple sets of coefficients making more difficulties for the interpretation of variables. In fact, the change of the probability of each travel mode depends on the change of the particular variable as well as the magnitude of all variables. Thus, there is no fixed rule to depict the impact magnitude and direction of a particular variable on the probability of each model. To this end, this study adopted a kind of empirical sensitivity to measure the change of probability of each mode in responding to changes in variables. Equation 8 provides the formulation of this measure, where P ij is the probability of the individual i choosing mode j evaluated based the actual levels of all variables while P * ij is the one evaluated based on the policy level of some variables. The empirical sensitivity ES j is measured by the summation of the probability differences between the current level and the policy level across all relevant samples, divided by the summation of the original probability P ij . For a continuous variable, the calculation of the empirical sensitivity involves all samples while for a categorical variable, the adopted dataset A only consists of samples having the variable at the particular level of interest. For example, if we want to investigate how the probability changes giving that the first-grade students go up to the second grade, the dataset A should consist of all first-grade students. A positive sensitivity indicates that the probability would increase with respect to an increase in the explanatory variable, and vice versa. Table 4 reports the empirical sensitivities for all explanatory variables according to the MNL and FMMNL models. Different types of changes in each variable were also investigated. For most of the variables, the MNL and FMMNL models exhibit sensitivities with similar trends but magnitude discrepancies in certain amounts.
For example, the probability of walking to school declines by 12.3% and 10.2% when the first-grade students go up to the second grade and the probability of E-bicycle also increases by 16.0% and 16.4%, according to the MNL and FMMNL respectively. Figure 3 provides a visualization of the sensitivities under stepwise changes of grade with respect to the MNL and FMMNL models. The two models provide similar sensitivity values regarding grade changes, especially for the E-bicycle mode. In contrast to the FMMNL model, the MNL model tends to overestimate the usage of public transportation and car, and underestimate the usage of walk and bicycle. As the grade increases, it is sure that students are more like to use public transportation and car than walk for school trips, which is in line with the result of the MNL model. However, there is no consistent rule indicating the usage of bicycle and E-bicycle with respect to the increase of grade.
Regarding the bicycle mode, students continue to reduce the chance of use bicycle until reaching the fifth grade, but they suddenly turn to bicycle with a higher chance when they go up to the sixth grade. It indicates that the sixth-grade students behave substantially different from the low-grade students as they grow enough independence for using a bicycle. Figure 4 provides a visualization of the sensitivities under the changes of the trip distance from 1km to 5 km, with respect to the MNL and FMMNL models. Like the pattern of the changes of grade, the two models illustrate similar sensitivities of the E-bicycle mode with respect to different changes of the trip distances, as the probability of using E-bicycle is less sensitive to the change of the trip distance in contrast to other modes. Note that for the distance increases by less than 3km, there are slight increases in using E-bicycle according to the FMMNL model, which is contrary to the results from the MNL model. For the other four modes, the two models exhibit similar patterns in direction but substantial differences in magnitude. The MNL modes tend to overestimate the chance of using walk and bicycle modes and underestimate the chance of using public transportation and car, regarding the increase of the trip distance. Regard to the other explanatory variables, i.e., escort type, place of having lunch and tenure of the apartment, the two models exhibit similar sensitivities in direction, with varying discrepancies in magnitude.
V. DISCUSSION AND CONCLUSIONS

A. POLICY IMPLICATIONS
The results would have important policy implications in Beijing. As can be seen from the findings, long commute distances are a critical deterrent condition preventing students from active transportation. It calls for policy formulation to promote students to choose their dwelling place close to schools. The local authorities might require students to enroll in the school closest to their residence. Besides, a housing subsidy could be considered to encourage parents to live in a rented apartment close to schools.
The FMMNL model would be meritorious as it has a higher potential to imply more-targeted policies. According to the MNL model, students are more likely to use public transportation and less likely to walk for their school trips, consistently along the increase of the grade. In fact, the FMMNL model reveals that two different types of tendencies exist for different cohorts of students. The first cohort corresponds to students who tend to increase the usage of a bicycle, whereas the second cohort tends to increase the usage of the car, as they grow up. Thus, policymakers should target the latter cohort of students and further investigations should be made to understand the reason that causes the increased car usages for high-grade students.
Although there were students who go to school by themselves, a great proportion of the elementary school students need companionship along their commute trips in Beijing, mostly because of parents' safety and security concerns. For those students who escorted by their parents or relatives or shared trips with other students, either the E-bicycle or the car modes are more preferable in contrast to the students who go to school alone. In fact, E-bicycle is not recommended, as it is not safe leading to serious injuries to students in traffic accidents. To this end, a school bus system could be one manner to students, especially the lower-grade ones.
B. GENERAL CONCLUSIONS AND AVENUES FOR FUTURE RESEARCH
This study developed an advanced econometrical model, i.e. the FMMNL model for understanding the elementary school students' mode choice behaviors of their school trips. This model was verified to have a better performance in contrast to the MNL model, but more importantly, some complicated behavioral relationships between influential factors and the chosen probability of each mode were also revealed. This would be important for the policymakers to design more targeted and finer policies. Several limitations exist for the current analyses. First, the explanatory variables adopted are not rich because the family-level characteristics of the students were not obtained from the government department that manages the data. It is interesting to adopt influential variables, e.g., household, land use, and school characteristics, in future studies. On the other hand, it is valuable to make manifold comparisons between the elementary school students and regular commuters, and data from other cities or countries, regarding the mode choice behaviors. 
